ABSTRACT An optical sensor was used to make digital recordings of wingbeat waveforms for the Þve most common aphids found on Guam: Aphis craccivora Koch, A. gossypii Glover, A. nerii Fonscolombe, Pentalonia nigronervosa Coquerel, and Toxoptera citricida (Kirkaldy). Wingbeat frequencies for each species overlapped all other species. However, mean wingbeat frequencies were signiÞcantly different for all species. Wingbeat frequencies and harmonic patterns were extracted from the recordings and submitted to cluster analysis, which failed to separate species completely. Several nearest neighbor and probabilistic neural network classiÞers were built using time series, frequency spectra, wingbeat frequencies, and harmonic patterns as input variables. These classiÞers were evaluated by having them identify wingbeat waveforms from aphids collected and recorded after their construction. The best performing classiÞer model was a probabilistic artiÞcial neural network trained using 256-bin frequency spectra as input. Sixty-nine percent of the waveforms presented to this network were identiÞed correctly. This study demonstrates the feasibility of developing an insect ßight monitor that automatically counts and identiÞes individual ßying insects. Essential components of the monitoring system are a photosensor, a multimedia personal computer, and software that identiÞes wingbeat frequency spectra using an artiÞcial neural network.
ACQUISITION OF BIOLOGICAL Þeld data are usually expensive, in terms of time and labor, due to the lack of automated instrumentation systems, such as those developed for continuous monitoring of meteorological variables. Lack of instrumentation for measuring insect ßight activity limits understanding of the impact of movement on the population dynamics of pest species (Stinner et al. 1983 ). InsufÞcient near real-time information on the abundance of insect pests and associated predators and parasites is often an impediment to development of integrated pest management and biological control programs. Richards (1955) discovered that a photocell exposed to the sun detected transient waveforms caused by reßections from the wings of individual insects ßying in front of the solar disk. Each waveform contained a harmonic series, with the wingbeat frequency as the fundamental. Richards (1955) suggested that his discovery "might be turned to account by workers interested in the ßight habits of insects, and particularly in variations in insect density during daylight hours." Moore et al. (1986) digitally recorded two species of mosquitoes with a photosensor based on an optical tachometer developed by Unwin and Ellington (1979) . Spectral analysis of the mosquito wingbeat waveforms using a fast Fourier transform revealed a harmonic series with the wingbeat frequency as the fundamental. Moore et al. (1986) suggested that automated instrumentation could be designed to discriminate among species of ßying insects by recognizing spectral patterns formed by these harmonics, analogous to the way in which the human ear and brain discriminate among musical instruments by recognizing patterns of harmonics in the sounds they generate. Frequency spectra derived from the mosquito data were used to train an artiÞcial neural network (Moore 1991) . The trained network identiÞed the species and sex of mosquitoes with 92% accuracy. When the network was trained and tested using only wingbeat frequencies, the mean absolute error for the network increased by 33%, indicating that the harmonic patterns contributed signiÞcant species-speciÞc information. Moore (1998) developed an optical sensor and data acquisition system for automated monitoring of ßying insects in the Þeld. Here, we report on our attempts to use this system to automate identiÞcation of alate aphids in the laboratory.
Materials and Methods
Aphids. Colonies of Aphis craccivora Koch, A. gossypii Glover, A. nerii Fonscolombe, Pentalonia nigron-ervosa Coquerel, and Toxoptera citricida (Kirkaldy) were collected from various locations on the island of Guam. Aphids on cuttings of host plants were collected in the Þeld and maintained in the laboratory at 22ЊC for a maximum of 3 d. Aphids used in waveform analysis tests were preserved in 70% ethanol and identiÞed using published taxonomic keys (Blackman and Eastop 1984) .
Digital Recording of Wingbeat Waveforms. For each recording session, Ϸ12 alate aphids from a single colony were transferred from a rearing container into a transparent plastic cookie jar (SnapWare, FloTool International, Tustin, CA) measuring 20 by 17 by 13 cm and Þtted with a Þne muslin top (Fig. 1) . We chose 12 as the number of aphids to use for each recording session to ensure that we would record a large number of waveforms during a recording session (1 to 3 h duration), while minimizing the probability that more than one aphid would ßy simultaneously. The container was placed in a cabinet between a halogen lamp (Type EYJ, 12V 75W, General Electric, Cleveland, OH) and a photosensor (Qubit Systems, Kingston, Ontario, Canada). The cabinet shielded the sensor from optical noise caused by AC-powered room lighting, which ßashes at 120 Hz. The halogen lamp was powered by a regulated DC power supply (7W 13.8V regulated power supply, TrippLite, Chicago, OH).
The photosensor was connected to the microphone input jack of a 16-bit sound card installed in a personal computer (Pentium 200 MMX, 48 MB RAM). Air temperature within the cookie jar ranged from 24 Ð30ЊC during the recording sessions. A transient waveform recorder program (WfRec, Qubit Systems 1999) was used to sample the sound card input at 8,000 samples per s. The waveform recorderÕs adaptive trigger was set to record 512-sample waveforms whenever the input signal exceeded six standard deviations above the mean ambient noise level. WfRecÕs cepstrum Þlter was set to reject waveforms that were low in harmonic content, i.e., those with a peak cepstrum amplitude of Ͻ0.06 within the 100 Ð200 Hz frequency band.
Wingbeat waveform recordings were separated into two groups. Group 1 contained recordings of aphids collected and recorded between 11 March and 13 May 1999. This group was used for training nearest neighbor and artiÞcial neural network classiÞers. Group 2, from aphids collected and recorded between 19 May and 25 May 1999, was used only for evaluating the classiÞers.
Data Reduction. The transient waveform recorder program, WfRec, represented recorded waveforms at three levels of abstraction. First, the raw data were saved as a wingbeat waveform time series, X1, . . ., X512, which contains the signal amplitude at discrete time steps of 1/8000 s. Second, a fast Fourier transform generated a wingbeat waveform spectrum, S1, [ellipsis], S256, which contained the relative energy in each of 256 frequency bins ranging from 0 Hz to 4 kHz. Third, the waveform recorder encoded spectral information as a series of 17 numbers, F, H1, [ellipsis], H16, referred to as the wingbeat waveform signature (Fig.  2) . The Þrst number in the signature, F, is the fundamental frequency (ϭwingbeat frequency) measured in Hz. This is followed by a series of 16 integers, H1 to H16, which have values between 0 and 7. These integers represent a histogram of the relative power contained within frequency bands centered on the Þrst through the 16th harmonic of each waveform.
Cluster Analysis. Hierarchical agglomerative clustering using Euclidean distances and WardÕs method for linkages (Virtual Institute of Analytical Sciences 1999) was applied to wingbeat waveform signatures for the group 1 data. Each variable was standardized to zero mean and unit variance before analysis. Wingbeat waveform data from recordings of two aphid parasitoids: an introduced aphidiid, Diaeretiella rapae (McIntosh), and an unidentiÞed, locally collected aphidiid species were included in this analysis as outclasses for comparison of scale in cluster separation. Results are presented as dendrograms.
Nearest Neighbor Classification. Nearest neighbor classiÞcation models (Virtual Institute of Analytical Sciences 1999) were built using wingbeat waveform time series, frequency spectra, and signatures for the group 1 data (6,228 waveforms) and evaluated using the group 2 data (2,273 waveforms). Each input variable was standardized to zero mean and unit variance before analysis. Five nearest neighbor classiÞers were built. Each used aphid wingbeat waveform data presented at a different level of abstraction: middle half of the time series (X129, . . ., X384); frequency spectrum (S1, . . ., S256); signature (F, H1, . . ., H16); harmonics alone (H1, . . ., H16); and wingbeat frequency alone (F).
Artificial Neural Network Classification. A commercial artiÞcial neural network package, NeuroShell 2 (Ward Systems Group 1996), was used to construct, train, and test probabilistic networks to classify aphid wingbeat waveforms. We used the same data sets as in the nearest neighbor analysis. Five networks were built to accept input data in the form of a time series, frequency spectrum, signature, harmonics alone, and wingbeat frequency alone. These networks had one neuron for each input variable: 256, 256, 17, 16, and one input neurons, respectively. All networks had Þve output neurons, one output for each aphid species. There was also a single hidden layer with 4,983 neurons. Waveform data from group 1 were normalized so that the values of each variable ranged between zero and 1. Waveforms were then selected at random to be members of a training set (n ϭ 4983) and a test set (n ϭ 1,245). The test set was used for internal calibration of the network to prevent overtraining. During training, the network was presented with a waveform data as input, and a Þve-digit code consisting of a one and four zeros to indicate the species of aphid that produced the signature (e.g., 0 1 0 0 0 represented Aphis gossypii). After training, the group 2 data were classiÞed by presenting waveform data to the network. Each waveform was classiÞed as the aphid species corresponding to the output neuron having the highest excitation (Fig. 3) .
Results
Cluster Analysis. When the complete wingbeat waveform signature were included in the analysis (Fig. 4A) , recordings of aphids and aphid parasitoids fell into two very distinct clusters. The aphid branch contained many mixed-species clusters. Note, however, that all the aphid clusters containing only two aphid colonies are conspeciÞc. The analysis based only upon the relative amplitudes of harmonics (Fig. 4B ) produced almost identical results to those from the complete signatures, whereas analysis based only on wingbeat frequency (Fig. 4C) showed little separation among clusters. Fig. 2 . Digital processing for calculation of a waveform signature starts with a time series of 512 data points sampled at 8,000 samples per second (A). A fast Fourier transform produces a frequency spectrum (B) which contains a harmonic series. A second fast Fourier transform, applied to the frequency spectrum produces a cepstrum (C) that has a peak at the fundamental frequency of the waveform. The amplitude of the peak is a measure of the total harmonic content of the waveform. Areas area under the spectrum within frequency bands centered on the Þrst 16 harmonics are calculated and scaled to produce a waveform signature (D).
Automated Classification. Mean wingbeat frequencies were signiÞcantly different for all Þve species of aphids (Table 1) . However, wingbeat frequency alone was not very useful for identifying individuals due to a high degree of overlap among species (Table 1) . The most accurate classiÞcation model of several that were tested (Table 2 ) was a probabilistic neural network using waveform data presented as a 256-bin frequency spectrum (Table 3 ). The proportion of waveforms that were correctly classiÞed was 69%, ranging from 94% for Aphis gossypii down to 41% for A. craccivora.
Discussion
The literature contains little information on aphid wingbeat frequencies. Sotavalta (1947) listed only one aphid in his table of wingbeat frequencies for over 200 insect species. He reported Cryptomyzus galeopsidis (Kaltenbach) as having a wingbeat frequency between 82 and 87 Hz. This measurement was made without instrumentation. Sotavalta relied solely on his keen hearing and musical gift of perfect pitch. Byrne et al. (1988) used an optical tachometer (Unwin and Ellington 1979) to measure wingbeat frequencies for 10 individuals from each of Þve aphid species ßying in a greenhouse at 24 Ϯ 3ЊC. Mean wingbeat frequencies for Aphis nerii and A. gossypii were not signiÞcantly different (118.1 and 123.4 Hz). In contrast, we measured much higher, signiÞcantly different mean wingbeat frequencies for Aphis nerii and A. gossypii (145.6 and 162.7 Hz). It is likely that our wingbeat frequency measurements are higher because our aphids were ßying at higher temperatures, 24 Ð30ЊC.
The objective of our study was to investigate the feasibility of using optically sensed insect wingbeat waveforms for automated classiÞcation of aphids at the species or subspecies level. Our approach is to use the wingbeat waveform as a signature rather than extracting the wingbeat frequency as a single character. The proportion of waveforms that were correctly classiÞed by species using a neural network presented with the whole waveform spectra as input was 69%, ranging from 94% for Aphis gossypii down to 41% for A. craccivora. The precision of identiÞcation was limited because of large variances among waveforms recorded for each species. We suspect that the withinspecies variance among the waveforms was large due to two reasons. First, many of the recordings were triggered by aphids that where not in ßight. We observed aphids buzzing their wings while walking inverted on the test chamber mesh. Second, differences in waveforms may have been due to differences in the orientation of aphids with respect to the sensor and light source. Farmery (1981) showed that, while the wingbeat frequency stays constant, the harmonic pattern of optically sensed wingbeat waveforms changes radically when the orientation of the insect with respect to the sensor is varied. This is due to changes in angles of reßection and changes in visibility of body parts. It may be possible to reduce the within-species variance in waveforms by eliminating waveforms from aphids buzzing while not in ßight, and by restricting the orientation of ßying aphids with respect to the sensor and light source by modifying the apparatus so that the photosensor records aphids ßying down a length of transparent tube.
Although all aphid species were not identiÞed with high accuracy, the artiÞcial neural network correctly identiÞed Aphis gossypii waveforms with 94% accuracy (Table 3 ). The error rate for automated identiÞcation of waveforms made by this species was only 3% for false positives and 6% for false negatives. This indicates that it should be possible to build an automated Þeld ßight monitor for this species, which is the most numerous and important aphid pest species on Guam and other PaciÞc islands.
Our results show that the relative amplitudes of wingbeat waveform harmonics (H1, .., H16) contain species-speciÞc information, in addition to the wingbeat frequency. The cluster analysis clearly shows that patterns of harmonics abstracted from insect wingbeat waveforms contain species-speciÞc information, even when frequency information is removed. Nearest neighbor and neural network classiÞcation models worked equally well with wingbeat frequency (F) or harmonic pattern (H1, .., H16) as input variables. Our discovery that of insect wingbeat waveform harmonics contain information useful for automated identiÞca-tion is signiÞcant, as this may allow accurate identiÞ-cation of insects in which the wingbeat frequency changes with temperature, as has been reported for many insects including locusts (Foster and Robertson 1992 , beetles (Oertli 1989) , armyworm moths (Farmery 1982) , bees (Unwin and Corbet 1984 , Harrison et al. 1996 , Roberts et al. 1998 , and ßies (Unwin and Corbet 1984) . Although the current study was performed at a constant temperature, we expect the harmonic pattern to remain constant, even if the wingbeat frequency changes.
This study demonstrates the feasibility of developing an insect ßight monitor that automatically counts and identiÞes individual ßying insects. Essential components of the monitoring system are a photosensor, sound board equipped personal computer, and software that identiÞes wingbeat frequency spectra using an artiÞcial neural network.
